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Global food production must increase to meet the demand associated with increased population 
growth, so irrigation water use will continue to rise. Therefore, it is important to monitor water usage 
particularly when an irrigation flowmeter is unavailable. A field water balance was created for a 
selection of rice fields in East-central Arkansas under observation in 2018 and 2019. From those, 
irrigation inputs are deduced from the water balance alone. First, each field had sensors that collected 
water table level (WTL) data. Next, other water inputs and outputs such as precipitation and 
evapotranspiration (ET) were collected from two modeled sources. The remaining outputs—levee 
seepage, deep percolation, and runoff—were assumed to be negligible. The water balance was created 
for a production-scale field that is zero-grade with no drainage and another production-scale field 
(0.18% slope) with no drainage. This water balance model was tested against irrigation data that was 
collected for each field during the growing season either with flowmeters or written records from the 
farmer. The results indicate that the water balance may have potential to predict irrigation on days 
when the WTL is positive. The model was not very accurate, but the results were mostly consistent for 
each field. The model underpredicted irrigation by approximately 50% for both fields, likely due to the 
drainage factors that were originally considered negligible and inaccuracies of the modeled sources. 
However, with more research, these factors can be properly assessed and included as necessary to 
ensure more accuracy. Farmers and scientists will both then be able to use this approach to track water 
usage and compare different irrigation methods to determine which practice conserves the most water 




Agricultural production will have to increase by 70-110% to meet the needs of a population of 9 
billion by 2050 (Tilman et al., 2011). Rice (Oryza sativa) accounts for 162 million hectares of farmland 
globally (FAOSTAT, 2019), and Arkansas has 1.1 million acres of farmland for rice (USDA, 2019), making 
Arkansas the top rice producer in the United States. However, it will be a challenge for agricultural 
farmers to keep up while facing a potential groundwater shortage (Siebert et al., 2010). Irrigation for 
farming accounts for 90% of consumptive water uses, 43% of which is consumptive use for irrigation 
from groundwater alone (Siebert et. al., 2010). Groundwater use is increasing, especially in areas where 
there are a lot of users irrigating groundwater storage at rates above groundwater recharge.  As a result, 
several counties in eastern Arkansas have been designated critical groundwater areas (Reba et al., 
2013). To help with this issue, a statewide network comprised of several universities and the USDA 
Agricultural Research Service partnered up to monitor water quality and quantity in the surrounding 
area (Reba et al., 2013). The critical groundwater status also allows producers to have access to 
additional funding sources for improving irrigation; these producers can also participate in incentive 
programs that can provide on-farm irrigation recovery systems that allow irrigation runoff to be recycled 
and reused (Reba et al., 2013). However, not everybody has access to these incentives, and resources 
can be limited. Therefore, it is important to find a method to monitor irrigation to keep track of water 
usage and look for ways to reduce water consumption without sacrificing yield.  
In Arkansas, Mississippi, and Louisiana where rice production is prominent, contour-levee, 
straight-levee, and zero-grade fields are the most common types of land forms used for rice production 
(Henry et al., 2016). Contour-levee fields follow the natural contour of the land (Henry et al., 2016). 
These fields can have multiple paddies at the upper and lower levels; irrigation is applied at the upper 
paddies until it is filled, and then the water cascades to the lower paddies through levee gates or 
spillways (Henry et al., 2016). Straight-levee fields are adjusted to the desired cross-slope, and then the 
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levees are pushed up (Henry et al., 2016). These fields are flooded by using a well at the point of highest 
elevation in the field (Henry et al., 2016). Zero-grade fields are precision graded to have negligible slope, 
minimizing flood depth variation (Henry et al., 2016). To irrigate this type of field, canals are built on 
three or four sides of the field and then flooded from multiple sides (Henry et al., 2016). Zero-grade 
fields sometimes have pipelines to aid with water distribution from the pump to different fields (Henry 
et al., 2016). However, there can be difficulty in quantifying the amount of water irrigated in these 
situations where farmers use a single pump to simultaneously flood multiple fields (Henry et al., 2016). 
Compared to contour-levee fields, straight-levee fields have been found to use 8% less irrigation water, 
and zero-grade fields reported 41% water savings (Reba and Massey, 2020).  
To help mitigate the difficulties of measuring water usage, a water balance could be used. Water 
balance models are useful for estimating water consumption and can be easily adapted, whether it be 
differing land conditions or simultaneous flooding of multiple fields. A water balance model was created 
to simulate flood distributions between two different irrigation methods as a metric of comparison 
(Massey et al., 2018). The inputs and outputs of this water balance were derived from literature and 
studies completed in the surrounding area. Although direct measurements were not used for this study, 
it was found that their water balance model estimations were within 10% of previous field-measured 
irrigation values (Massey et al., 2018). 
Some terms of the water balance that are potentially difficult to quantify are levee seepage and 
deep percolation. Levee seepage is the subsurface movement of water through the levees bordering rice 
fields (Bouman et al., 2007). Measurements of direct lateral seepage were taken in a set of rice fields in 
California with some fields having a high clay content and dominated by smectite soils and others with a 
lower clay content and mixed mineralogy (LaHue and Linquist, 2019). Their measurements showed two 
things: first, there was no significant relationship between seepage and percent clay or field water 
height, and second, their experiment indicated that seepage does not contribute much to water loss in a 
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rice field (LaHue and Linquist, 2019). Related to levee seepage is deep percolation, the vertical 
movement of water to below the root zone (Bouman et al., 2007).  Seepage and percolation have been 
shown to be responsible for 15% of water losses per season (Linquist et al., 2015). Although percolation 
is generally combined with levee seepage, a study was completed by LaHue and Linquist (2021) to 
measure percolation in rice fields directly. With their method of measuring percolation with percolation 
rings at their rice field, they concluded that percolation is small relative to irrigation inputs (LaHue and 
Linquist, 2021). The change in water table level is not likely to be affected by percolation unless the field 
has coarse soils and high saturated hydraulic conductivity (LaHue and Linquist, 2021).  
Previous studies have used water balances to simulate flooding using controlled estimates of 
irrigation. Realistically, irrigation can be hard to isolate and measure as there are many factors 
influencing the water table level. Therefore, the objective of this study is to determine irrigation inputs 
by adapting the water balance from Massey et al. (2018) that could be generalized for any rice field. This 
research project will also adjust the model from Massey et al. (2018) to be applied during periods with 
no known irrigation or rainfall to determine if evapotranspiration (ET) was the primary cause for changes 
in the water table level (WTL). It was hypothesized that the water balance method can be used to fairly 
estimate irrigation inputs even without the use of a flowmeter.  
2. Methodology 
2.1 Site Description 
Two field sites in Central-Eastern Arkansas were analyzed over a period of two years (2018-
2019; Figure 1). Each field was managed by a farmer, and general site information, field conditions, land 
management practices, and irrigation data were collected (Moreno-García et al., 2021, in review). Each 
field site had either a flowmeter that recorded flow data, or the farmer kept written records as listed in 
Table 1. The farmer records were considered true data since the farmer first estimated the flowrate 
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using a flowmeter in the pipe, and the start and stop times for each irrigation event was recorded. 
Flowmeter readings were recorded in the field and converted to millimeters. The raw readings were 
calculated to form cumulative irrigation. Cumulative irrigation graphs for the entire growing season are 
located in the appendix (Figures A1-A3). 
Table 1. Field site and irrigation information. Fields are named with an arbitrary coding scheme for 
consistent recordkeeping. Note: FE = farmer estimation, FM = flowmeter, CF = continuous flooding after 
5-leaf stage, AWD = alternate wetting and drying. 
Year Field Field Area (ha) 
Reading 





2018 R9 15 FE 11-May–26-Jul 0 CF Groundwater 
2019 R3 9.71 FM 21-Jun–9-Aug 0.18 CF Surface Water 
2019 R9 15 FE and FM 28-May–21-Aug 0 AWD Groundwater 
 
We studied field R3 for the 2019 growing season and field R9 for the 2018 and 2019 growing 
seasons. Field R3 was studied due to its small size (9.71 ha) and light slope (0.18%). We assumed that 
because of the size of the field, the slope would not affect irrigation distribution. The R3 field was 
continuously flooded from 5-leaf stage to the final drainage before harvest (Figure A6). Field R9 was 
selected because it is zero-grade, and there were written irrigation records for this field in 2018 and part 
of 2019 which helped with accuracy. In 2018, field R9 was also continuously flooded starting from the 5-
leaf stage until the final drainage before harvest (Figure A4). In 2019, the irrigation regime for field R9 




Figure 1. Study site map showing fields R3 and R9 in Lonoke County, Arkansas, USA. 
2.2 Evapotranspiration Data 
 This study’s evapotranspiration (ET) “data” follows a study by Carroll et al. (2020) that simulated 
soybean-rice rotations using the Agricultural Policy/Environmental eXtender (APEX) model in some of 
the field sites included in this study. The model inputs were updated with the information of the field 
sites in this study and were used to collect the ET modeled product. This ET “data” was not directly 
observed in the field and was estimated using the APEX model. This model uses the Hargreaves equation 
and weather data products collected from the Parameter-elevation Regressions on Independent Slopes 
Model (PRISM) as the inputs (Carroll et al. 2020). Even though ET was not a direct field measurement, 
we assume the APEX model to be true data for the water balance model and refer to this data as ETAPEX. 
2.3 Water Table Depth Data 
At every site location, one measurement station was installed to monitor water depth (Figure 2). 
The sensor (CS451 from Campbell Scientific, Inc.) collected data every 5 minutes and recorded the 
average values every 30 minutes. The CS451 sensor is a pressure transducer used for water-level 
measurements (Campbell Scientific, 2016). The sensor outputs either a digital SDI-12 or RS-232 signal 
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(Campbell Scientific, 2016) which is sent to the data logger. The output from the data logger was 
pressure in centimeters of water, which after accounting for the depth of the tube in the soil was our 
measured water table level. 
 
Figure 2. Set up of the water depth sensor at each field site. The tube is perforated to allow equilibration 
with the field water level. 
2.4 Rainfall 
Daily rainfall values for each field site was downloaded from the PRISM Climate Group Explorer 
(PRISM Climate Group, Oregon State University, 2004) using the field site coordinates and were 
compiled into a Microsoft Excel file. The spatial resolution of the PRISM output was 800 m, but the 
PRISM dataset was filtered to 4 km resolution (PRISM Climate Group, Oregon State University, 2004). To 
validate the model, data collected from RADAR from the National Weather Service area is compared on 
a pixel-by-pixel basis to the R2 values from PRISM regressions against two weather stations (PRISM 
Climate Group, Oregon State University, 2004). Based on that comparison, a RADAR weighting factor (0-
1) is calculated and applied to all of the modeled data to form a hybrid estimate (PRISM Climate Group, 
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Oregon State University, 2004). PRISM did not calculate days based on the 24-hour local time period; 
instead, the day was defined as the 24-hour period ending at Greenwich Mean Time, or 6:00 AM Central 
Standard Time (PRISM Climate Group, Oregon State University, 2004). This data, along with the weather 
station and evapotranspiration data sets, were adjusted to fit a daily time-step model.  
2.5 Water Balance 
 The various data sets were compiled into Microsoft Excel for analysis. Daily precipitation, 
irrigation, ETAPEX, and WTL data were combined into a database for each field site (Figures A4-A6). The 
water balance, adapted from Massey et al. (2018) was: 
𝐼𝐼𝑗𝑗 = �𝑊𝑊𝑊𝑊𝑊𝑊𝑗𝑗 −𝑊𝑊𝑊𝑊𝑊𝑊𝑗𝑗−1� − 𝑅𝑅𝑗𝑗 + 𝐸𝐸𝑊𝑊𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑗𝑗 + 𝑆𝑆𝑗𝑗 + 𝑃𝑃𝑗𝑗 + 𝐷𝐷𝑅𝑅𝑗𝑗   (Equation 1) 
where I is irrigation applied, WTL is water table level at 6:00 AM, R is rainfall, ETAPEX is 
evapotranspiration, S is levee seepage, P is deep percolation, DR is direct runoff, and the subscript j 
represents the day of irrigation. Following LaHue and Linquist (2019, 2021), it was assumed seepage 
does not contribute much to water loss in rice fields, and percolation would not likely affect any changes 
in the water table level. Even though the size of California levees are generally considerably larger 
compared to mid-South levees, we assume the results of the LaHue and Linquist experiments hold true 
to our data as well. Since R9 is zero-grade, and R3 is a relatively small field with a small slope, we also 
assumed direct runoff was negligible for these fields. The model was also rearranged for days without 
irrigation and rainfall (Equation 2). During these periods, ETAPEX was compared to the change in the WTL 
since that was the only value that was not zero, resulting in ETWB. The water balance is illustrated in 
Figure 3. 





Figure 3. Concept diagram of the water balance. Rainfall data were retrieved from the PRISM Climate 
Explorer, and daily values were collected from 6:00 AM the previous day to 6:00 AM of the current day 
(PRISM Climate Group, Oregon State University, 2004). ET data were from the APEX model, and daily 
values were calculated using data from the PRISM Climate Explorer. Irrigation values were calculated 
using Equation 1. Seepage (S), percolation (P), and direct runoff (DR) were assumed to be negligible. 
 
2.6 Water Balance Application 
The model was run on a daily time-step; the dates of irrigation, if not recorded by the farmer, 
were determined by looking at dates between flowmeter readings and a positive increase in the WTL, 
assuming the irrigation rates were greater than ET and other loss terms. Farmer recorded irrigation was 
determined by taking the time the pump was on and multiplying it by the flowrate that had been 
obtained from installing a flowmeter in that location. The change in WTL was determined by taking the 
difference between the 6:00 AM value taken by the sensor from the previous day and the 6:00 AM value 
taken by the sensor on the current day. The 6:00 AM value was chosen to match the 24-hour time 
period for the rainfall and ET data. The water balance was only applied to days with WTL values greater 
than zero.  
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2.7 Statistical Data Analysis 
Statistical data analysis was completed for the irrigation water balance and the ET water 
balance. The relative error and absolute error between estimated and observed irrigation were 
calculated to help determine where the residuals were. The root mean square error on the daily 
modeled irrigation was calculated to determine the standard deviation of the residuals for each year. A 
linear regression between observed and estimated values were completed for each data set to evaluate 
the accuracy of the model. A t-test, using the Excel function, was used to determine if the observed and 
estimated irrigation values were statistically different. The t-test was a two-tailed distribution assuming 
unequal variances and tested at a 95% confidence interval level. Linear regressions between the residual 
error and each water input (rainfall, ET, and the change in WTL) were used to determine how much each 
input contributed to most error. An analysis of variance (ANOVA) test was also used to determine the 
significance of the relationships between the residual error and the water balance inputs. 
3. Results 
3.1 Field Site Results 
The WTL sensor data, irrigation records, and flowmeter readings were analyzed to determine 
the observable irrigation that could be included in the water balance. In 2018, for the field R9, it was 
found that 57.8 cm of irrigation was applied throughout the entire growing season; but, after excluding 
the days where the WTL was below the surface, only 21 days of irrigation could be included, and 37.8 
cm could be used for the water balance. The results for the remaining field sites (R9 in 2019 and R3 in 






Table 2.  Results from the water balance. Observed irrigation is the amount of irrigation that occurred 
when WTL > 0. Modeled irrigation was the total amount of irrigation modeled using Equation 1. RMSE 
was the root mean square error on the daily modeled irrigation. R2 is the relationship between modeled 
and observed irrigation for the entire growing season. The p-value is from the two-tailed t-test assuming 















(cm) R2 p-value 
2018 R9 57.8 21 37.8 17.2 1.53 0.27 0.004* 
2019 R3 70.5 14 58.2 24.7 4.47 0.30 0.108 
2019 R9 54.1 20 42.7 24.3 1.05 0.33 0.002* 
 
3.2 Modeled Irrigation Results 
 The water balance underestimated irrigation applied for all three fields. Tables A1-A3 in the 
appendix have the full water balance estimation results. Graphic representations of the water balance 
inputs and outputs (rainfall, irrigation, ET) compared to the change in water table level across the 
growing season are shown in Figure 4. In 2018, for R9, the model underestimated total irrigation by 20.6 
cm with a 55% error. The relative error between the days of applied irrigation ranged from 0.28% to 
407%. The p-value was 0.004, thus the observed irrigation and estimated irrigation mean values were 
significantly different. The average daily irrigation applied was 1.80 cm per day. The RMSE on the daily 
modeled irrigation was 1.53 cm (85%) (Table 2, Table A1). There was also a low correlation between the 
observed and estimated values—the R2 value was 0.27. Regressions between the factors of the water 
balance (rainfall, ET, and change in WTL) and the residual error were used to determine which input 
variable correlates to the most residual error. It was found that the change in WTL contributed to 29% 
(Figure 5) and ET contributed 22% (Figure 6). The residual error caused by rainfall (r2 = 0.14) was not 






Figure 4. Daily values for observed irrigation, rainfall, ET, and the change in WTL for each observed day 








































































































































































































































































































 The estimated irrigation results were consistent in 2019 for the same field; the model 
underpredicted irrigation by 18.4 cm with an absolute error of 43% for the R9 field. The relative error 
had a much larger range compared to 2018, with error ranging from 22% to 1,254%. The p-value was 
0.001, similar to the 2018 results, meaning that the means between observed and estimated irrigation 
were statistically different. The RMSE value was 1.05 cm of error between each day of irrigation, or 49% 
RMSE (Table 2, Table A2). The mean daily irrigation applied was 2.14 cm per day. The relationship 
between observed and estimated irrigation was not much stronger in 2019. The R2 value slightly 
improved and was determined to be 0.33. After completing the regressions between the residual error 
and the outputs, it was determined the residual error attributed to rainfall (r2 = 0.12) was not significant. 
Any residual error correlated with rainfall was considered negligible. It was found that 49% of residual 
error was associated with ET (Figure 6), and 33% of the residual error correlated to the change in WTL 
(Figure 5). It is interesting to note the sign change between the regression between residual error and 
the change in WTL for R9 in 2019 compared to the field in 2018 (Figure 5). 
 
Figure 5. Regression between residual error and change in water table level for R9 in 2018 and 2019. P 
represents the p-value of the regression between residual error and the change in WTL, and S indicates 




Figure 6. Regression between residual error and ETAPEX for R9 in 2018 and 2019. P represents the p-value 
of the regression between residual error and ETAPEX, and S indicates the p-value is significant. Each 
marker represents one day. 
 For the R3 field in 2019, the model consistently underpredicted irrigation. Estimated irrigation 
was less than observed irrigation by 25.9 cm (an absolute error of 45%). The range of relative error was 
similar to the R9 2019 results: 9% to 1,852%. Differing from the R9 field results, the p-value was 0.1, 
which suggests the observed and estimated irrigation mean values were significantly the same. The 
average daily irrigation applied for R3 was 4.16 cm per day (Table A3), and the RMSE was 4.47 cm 
(107.45%) (Table 2, Table A3) between each day of irrigation. This value was much higher compared to 
the values for the R9 field, but the total irrigation applied across the entire growing season was higher 
for R3 than in R9 for either years. The R2 relationship was still weak with a value of 0.30. The regressions 
between rainfall, ET, and change in WTL and residual error showed that 68% of the residual error was 
caused by the change in the WTL (Figure 7). The residual error caused by rainfall (r2 = 0.20) and ET (r2 = 




Figure 7. Regression between residual error and change in WTL for R3 in 2019. P represents the p-value 
of the regression between residual error and the change in WTL, and S indicates the p-value is 
significant. Each marker represents one day. 
3.3 ET Only Periods 
The model was then adjusted to compare ETAPEX to WTL using Equation 2. The detailed results of 
this water balance are located in Tables A4-A6 in the appendix. In 2018, for the R9 field, total ETAPEX was 
8.14 cm while ETWB was 16.40 cm (Table 3). This difference represents an absolute error of 102% with 
relative error ranging between 49%-110%. The RMSE between individual days of only ET was 0.69 cm. 
The correlation between ETAPEX and ETWB had an R2 value of 0.55 (Figure 8) and was determined to be 
statistically significant. Additionally, the p-value indicated that the estimates between ETAPEX and ETWB 
were statistically the same. 
Even though the same modeling approach was used for the 2019 dataset, the results were not 
consistent with the previous year. For the R9 field, the model did overestimate ETWB by 6.74 cm (48%), 
but the results were not significant (r2 = 0.01, Figure 8). Also, the p-value (p = 0.062) indicated that the 
mean values between ETAPEX and ETWB were significantly different. The R3 field had similar results. ETAPEX 
was 19.70 cm, whereas the model overestimated ETWB to be 31.80 cm for the entire growing season. 
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The correlation between ETAPEX and ETWB for field R3 in 2019 was 0.03 (Figure 9). The regression between 
ETAPEX and ETWB was not statistically significant, and the mean values between ETAPEX and ETWB were 
significantly different (p = 0.517). The values are summarized in Table 3 below. 
Table 3. Periods of no irrigation and no rainfall water balance results. ETAPEX is the amount of ET from 
APEX from the entire growing season. ETWB was the total amount of ET modeled using Equation 2. RMSE 
was the root mean square error between each day. R2 is the relationship between ETAPEX and ETWB for 
the entire growing season. The p-value is from the two-tailed t-test assuming unequal variances and 
tested at a 95% confidence interval. * indicates the p-value is significant. 
Year Field Days Observed ETAPEX (cm) ETWB (cm) RMSE (cm) R2 p-value 
2018 R9 13 8.14 16.40 0.69 0.55 0.000* 
2019 R3 36 19.70 31.80 3.04 0.03 0.517 
2019 R9 25 14.09 20.83 0.73 0.01 0.062 
 
 
Figure 8. Regression between ETWB and ETAPEX for the entire growing season for field R9. P represents the 
p-value of the regression between ETWB and ETAPEX, S indicates the p-value is significant, and NS indicates 




Figure 9. Regression between ETWB and ETAPEX for the entire growing season for field R3. P represents the 
p-value of the regression between ETWB and ETAPEX, and NS indicates the p-value is non-significant. Each 
marker represents one day.  
4. Discussion and Future Work 
4.1 Sources of Error and Comparison to Other Literature 
 For both years, the model underestimated the total amount of irrigation applied. The model also 
overestimated the total ET both years. These findings could be for several reasons: error occurring on 
the field, inaccuracies of the simulated data, or incorrect assumptions due to the limitations of the 
study. 
4.1.1 Error in the Field 
 Since there were not many records of when the pump started and stopped, rough estimations 
had to be made based on the changes in the water table level. Positive increases in the WTL could in fact 
be due to irrigation but may also be caused by precipitation events. Therefore, this uncertainty could be 
the reason of the high modeled irrigation error, especially for the days when irrigation started and 
stopped, and the exact timing was difficult to estimate. Another source of error could be from the 
farmer’s records. Before the flowmeter was installed at R9, the farmer was using handwritten records to 
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estimate his irrigation usage. This conversion rate was determined by timing when the pump was on and 
using a value for the flow of the pump that was estimated previously by installing a flowmeter in the 
pipe. The flow could have been inconsistent throughout irrigation, since the groundwater levels change 
throughout the season, meaning the irrigation records would be inaccurate. The farmer may have also 
had to pump at the start of irrigation events to bring the water table level above the surface, which 
could have been included in our irrigation records even though this was not a “true” irrigation event. 
There could have been an increase in the water table level measured by the pressure transducer sensor 
in the field, but the irrigation records might not have reflected that change. Additionally, the flowmeter 
could have contributed to some error due to incorrect installation, which would lead to error in 
irrigation records. The flowmeter is a sensitive instrument, and if not properly installed, could lead to 
overestimation of flow. Another source of error on the field could be from the pump; the R9 field used a 
diesel pump for one of the wells, and diesel pumps have to be throttled to a certain speed to function 
properly. If the pump had not been properly working, the flowrate or the readings from the flowmeter 
could have been inaccurate. 
4.1.2 Inaccuracies of Simulated Data 
The inaccuracy of the model could also be attributed to the simulated ET dataset from APEX 
since those values were not a direct measurement, but we still assumed it to be true data. There may be 
potential error in the APEX model. A previous study evaluated the different type of evapotranspiration 
estimation methods for the APEX model and compared the simulated data to direct field measurements 
(Tadesse et al., 2018). The crops the study observed were cotton and sorghum (Tadesse et al., 2018), 
which behave differently than rice, but the evaluations and comparisons are relative, so the results of 
this experiment are likely to be consistent for rice crops as well. They evaluated the Hargreaves, 
Penman, Penman-Monteith, and Priestley-Taylor methods (Tadesse et al., 2018). The study concluded 
that the Hargreaves method underperformed the most relative to the other methods; the Penman-
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Monteith method was found to be the best at estimating ET (Tadesse et al., 2018). Our APEX model used 
the Hargreaves method to estimate ET due to limited data, which could explain why the water balance 
model overestimated ETWB. 
The rainfall dataset was not a direct measurement either. This modeled data was assessed using 
the coordinates of the field. The PRISM model did not have a weather station nearby either; PRISM used 
RADAR and various models to estimate rainfall (PRISM Climate Group, Oregon State University, 2004). 
Since there was not a weather station to collect precipitation directly in the field, and there is potential 
for uneven spatial distribution of storms outside of the resolution of the PRISM model, the PRISM model 
could have contributed to the water balance underestimating irrigation.  
4.1.3 Incorrect Assumptions 
In the Massey et al. study (2018), their model estimations were within 10% of field-measured 
irrigation, and the error between modeled and measured values ranged from -6.1 to 18.4% (Massey et 
al., 2018). However, the original model was created to approximate the difference between two 
irrigation techniques observed in field trials (Massey et al., 2018), whereas we adapted the model to 
predict irrigation, so perhaps that is why our results differ so much from Massey et. al., (2018). With our 
water balance, there also may be some unaccounted losses in the field even though runoff, seepage, 
and percolation were assumed to be negligible. This assumption could have been inaccurate, and runoff, 
seepage, and/or percolation may be contributing to draining in the field. It is likely that there was runoff, 
but because of the limitations of the study, runoff was not properly assessed. The current model was 
not able to estimate irrigation well, but with more work, the model has the potential to estimate 
irrigation accurately. 
4.2 Future Work 
 The days where the WTL was negative must be accounted for; there were days that were 
recorded as irrigation events but had to be excluded because the WTL was below the surface due to the 
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limitations of this study. The days where the WTL was below the surface usually occurred close to the 
start or stop times of irrigation periods. Since there was uncertainty of when irrigation actually started 
or stopped, there is a possibility some of the data points associated with high residual error (Figure 5, 
Figure 7) are skewing the results of the water balance. Volumetric water content data was also collected 
during the growing season. This data should be analyzed in the context of the soil’s bulk density, and the 
water balance must be modified to include these days with negative WTL values. In 2018, since R9 was 
continuously flooded, the WTL was positive until the field was drained. However, in 2019, since AWD 
was employed, there were unaccounted irrigation periods. More research should be performed to 
calculate seepage, deep percolation, and runoff losses to see if these factors are actually negligible.  
 To help reduce some error, weather stations with rain gauges can be used in the fields to 
directly measure rainfall. Since the PRISM model was not a direct measurement, there could be high 
variability. The direct measurement could help reduce error from this input. Precipitation data from 
weather stations nearby could be collected and compared to our PRISM values; the water balance could 
also be applied with the nearby weather station values to further compare the results of the two 
datasets. We could additionally reduce some error by improving the APEX model. Different techniques 
such as Penman-Monteith or Priestley-Taylor could be used in the APEX model. Then, we could compare 
ET values using Equation 2 to see which modeling technique provides the most accurate ET estimate. 
Additional future work would be to look at applying this water balance to the other fields where 
data were collected but not included in this study. Data were collected for six fields in total, but we only 
studied two fields because the land conditions for those fields allowed us to neglect seepage, 
percolation, and runoff. The water balance would have to be modified to account for field conditions as 
the slope and land conditions change more drastically and have a bigger effect on irrigation. Different 
soil textures may affect seepage and percolation differently, so the water balance may have to be 
adjusted to accommodate those land conditions. Although R3 was not zero-grade, we assumed the field 
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was small enough such that the slope did not affect the water distribution. Higher graded fields would 
have a larger effect on how irrigation is distributed, especially those with multiple raised paddies, so the 
water balance would have to account for that difference.  
5. Conclusions 
The results of this experiment indicate that the use of the water balance approach to estimate 
irrigation inputs to a rice field was not very accurate. The model consistently underpredicted irrigation 
by approximately 50%. The error attributed to rainfall and ET were considered nonsignificant for some 
of the data, but we are still considering these factors to be sources of error. The change in WTL 
significantly attributed to error for each field in 2018 and 2019, and that is likely due to rainfall and ET 
directly affecting the WTL. The model also overestimated ET compared to the APEX ET data, but the 
results were only significant for one of three fields. Perhaps if we used a better method, such as the 
Penman-Monteith equation for the APEX model, the ETAPEX values could be improved. The model could 
estimate irrigation inputs more accurately if direct measurements of rainfall or ET are taken in the field 
or by using data from other weather stations nearby instead of using modeled sources. We could also 
improve this experiment by improving the irrigation records by having more farmer records or 
improving the flowmeter installations. Overall, the model has the potential to estimate irrigation more 
accurately if we take these steps to improve our data. 
Groundwater aquifers are depleting rapidly, so it is important for usage to be monitored. This 
water balance model could aid farmers with tracking their irrigation usage to prevent overconsumption. 
It could also aid with determining the best irrigation practices for sustainable improvement. The model 
still has to be modified to account for various losses and other factors, but it is a good start toward 
estimating irrigation without the use of a flowmeter. Moving forward, farmers will be able to use this 
water balance to estimate irrigation water usage, even without the use of a flowmeter. Since the model 
can be adapted to fit different farming techniques and irrigation practices, it can be used to compare 
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methods and determine which approach conserves the most water. This will be important as the global 
food demand increases, and the water supply must be sustained. 
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7. Appendix  
 
 
Figure A1. 2018 R9 cumulative irrigation graph. This data was recorded using the farmer’s irrigation 
records. 
 
Figure A2. 2019 R9 cumulative irrigation graph. Orange indicates the irrigation period before the 
flowmeter was installed, and data was estimated using the farmer’s irrigation records. Blue represents 

















































Figure A3. 2019 R3 cumulative irrigation graph. Orange represents the irrigation applied before the 
flowmeter was installed by farmer estimation. Blue represents the period after the flowmeter was 
installed. 
 
























































































































































































































































Observed Irrigation Rainfall ET WTL
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Table A1. 2018 R9 water balance. Error was calculated by subtracting modeled irrigation from observed 

















(cm) Error (%) 
18-Jun 16.80 1.78 0.00 0.64 1.42 2.06 -0.27 -15.35 
19-Jun 24.00 2.55 0.00 0.65 -0.39 0.26 2.29 89.88 
20-Jun 6.00 0.64 0.08 0.59 -0.11 0.40 0.24 36.90 
24-Jun 20.00 3.34 0.52 0.63 1.82 1.93 1.41 42.15 
25-Jun 3.00 0.50 1.12 0.66 -1.08 -1.54 2.04 407.41 
30-Jun 21.00 2.23 0.00 0.63 1.29 1.92 0.31 13.71 
1-Jul 24.00 2.55 0.00 0.67 1.34 2.01 0.54 21.06 
2-Jul 24.00 2.55 0.02 0.68 0.10 0.76 1.79 70.35 
3-Jul 8.00 0.85 0.00 0.65 -1.26 -0.61 1.46 171.68 
7-Jul 20.50 2.18 0.34 0.67 1.85 2.18 -0.01 -0.28 
8-Jul 24.00 2.55 0.00 0.58 2.35 2.93 -0.38 -14.99 
9-Jul 24.00 2.55 0.49 0.57 -0.32 -0.23 2.78 109.12 
10-Jul 2.50 0.27 0.09 0.60 -1.11 -0.60 0.86 325.12 
17-Jul 21.00 2.23 0.09 0.58 1.36 1.85 0.38 17.26 
18-Jul 24.00 2.55 0.45 0.65 0.02 0.22 2.33 91.36 
19-Jul 3.00 0.32 0.59 0.43 1.63 1.47 -1.15 -361.84 
20-Jul 11.00 2.84 0.03 0.68 1.86 2.50 0.33 11.76 
21-Jul 24.00 2.76 2.30 0.68 1.86 0.24 2.52 91.31 
22-Jul 3.00 0.32 0.00 0.66 -0.85 -0.19 0.51 159.46 
26-Jul 21.00 2.23 0.00 0.65 -1.06 -0.41 2.64 118.50 
27-Jul 11.00 1.17 0.72 0.69 -0.41 -0.44 1.61 138.01 





Table A2. 2019 R9 water balance. Error was calculated by subtracting modeled irrigation from observed 

















(cm) Error (%) 
11-Jun 23.00 2.79 0.00 0.57 1.04 1.62 1.17 42.14 
12-Jun 13.00 1.58 0.00 0.52 0.52 1.04 0.54 34.17 
20-Jun 24.00 2.91 0.27 0.69 1.04 1.46 1.45 49.95 
21-Jun 24.00 2.91 0.00 0.63 1.22 1.86 1.06 36.30 
22-Jun 24.00 2.91 0.00 0.62 1.01 1.63 1.29 44.14 
23-Jun 24.00 2.91 0.00 0.58 1.56 2.14 0.77 26.49 
24-Jun 2.42 0.29 5.83 0.73 4.41 -0.69 0.98 335.74 
2-Jul 22.33 2.71 0.00 0.59 1.36 1.95 0.76 27.94 
3-Jul 24.00 2.91 0.00 0.59 1.39 1.98 0.94 32.11 
4-Jul 5.00 0.61 0.00 0.61 -0.68 -0.07 0.67 111.20 
9-Jul 20.50 2.29 0.05 0.63 1.22 1.80 0.50 21.68 
10-Jul 12.50 1.40 0.00 0.63 0.14 0.77 0.63 44.80 
27-Jul 11.50 1.36 0.00 0.60 -0.01 0.59 0.77 56.74 
28-Jul 24.00 2.84 0.00 0.60 1.40 1.99 0.85 29.94 
29-Jul 24.00 2.84 0.00 0.58 1.28 1.86 0.98 34.41 
30-Jul 11.00 1.30 0.25 0.58 -0.28 0.05 1.25 96.36 
6-Aug 14.50 2.46 0.00 0.57 1.18 1.75 0.71 28.91 
7-Aug 24.00 4.07 0.00 0.62 1.16 1.78 2.29 56.30 
8-Aug 9.50 1.61 0.001 0.67 0.14 0.81 0.80 49.51 
11-Aug 8.00 0.21 2.92 0.41 5.30 2.79 -2.58 -1254.18 





Table A3. 2019 R3 water balance. Error was calculated by subtracting modeled irrigation from observed 

















(cm) Error (%) 
26-Jun 5.50 1.56 0.90 0.61 0.03 -0.26 1.82 116.61 
4-Jul 15.00 4.64 0.11 0.62 5.85 6.36 -1.71 -36.82 
5-Jul 2.00 0.62 0.02 0.60 1.42 2.00 -1.38 -222.22 
10-Jul 10.00 6.37 0.07 0.62 8.28 8.83 -2.46 38.70 
17-Jul 19.00 5.19 0.83 0.49 -1.37 -1.71 6.90 132.87 
18-Jul 10.50 2.87 0.00 0.57 -0.72 -0.15 3.02 105.26 
24-Jul 19.50 6.05 0.00 0.54 0.44 0.98 5.07 83.80 
25-Jul 14.50 4.50 0.00 0.59 2.37 2.96 1.54 34.11 
31-Jul 15.00 6.00 0.00 0.56 5.98 6.54 -0.54 -8.95 
1-Aug 24.00 9.61 0.00 0.56 0.32 0.88 8.73 90.89 
2-Aug 2.00 0.80 0.00 0.53 -6.02 -5.49 6.29 785.58 
6-Aug 21.50 4.53 0.00 0.58 5.72 6.30 -1.77 -38.97 
7-Aug 24.00 5.06 0.00 0.62 4.09 4.71 0.35 6.86 
8-Aug 2.00 0.42 3.18 0.67 -4.88 -7.39 7.81 1852.40 
Total  58.24 5.10 8.17  24.56 33.67 57.82 
 
Table A4. 2018 R9 periods of no irrigation and no rainfall. Error was calculated by subtracting ETWB from 
ETAPEX. A negative (-) error indicates model overestimation. 
Date ETAPEX (cm) Δ WTL ETWB (cm) Error (cm) Error (%) 
15-Jun 0.67 -1.00 1.00 -0.33 -48.48 
16-Jun 0.65 -0.97 0.97 -0.32 -49.54 
26-Jun 0.62 -1.29 1.29 -0.67 -106.44 
27-Jun 0.63 -1.28 1.28 -0.65 -102.51 
28-Jun 0.65 -1.28 1.28 -0.63 -96.32 
3-Jul 0.65 -1.26 1.26 -0.61 -93.50 
4-Jul 0.60 -1.18 1.18 -0.58 -97.00 
11-Jul 0.62 -1.19 1.19 -0.57 -91.72 
14-Jul 0.69 -1.18 1.18 -0.49 -71.94 
22-Jul 0.66 -1.39 1.39 -0.73 -110.42 
23-Jul 0.63 -1.23 1.23 -0.60 -94.44 
24-Jul 0.57 -1.23 1.23 -0.66 -116.18 
30-Jul 0.49 -1.92 1.92 -1.43 -292.18 





Table A5. 2019 R9 periods of no irrigation and no rainfall. Error was calculated by subtracting ETWB from 
ETAPEX. A negative (-) error indicates model overestimation. 
Date ETAPEX (cm) Δ WTL ETWB (cm) Error (cm) Error (%) 
31-May 0.42 -0.60 0.60 -0.18 -42.71 
1-Jun 0.46 -0.97 0.97 -0.51 -111.71 
2-Jun 0.63 1.35 -1.35 1.98 312.41 
3-Jun 0.67 0.18 -0.18 0.85 127.06 
9-Jun 0.44 -0.72 0.72 -0.28 -64.47 
12-Jun 0.52 0.52 -0.52 1.04 199.11 
14-Jun 0.56 -1.06 1.06 -0.50 -89.68 
15-Jun 0.60 -0.98 0.98 -0.38 -62.73 
16-Jun 0.59 -1.00 1.00 -0.41 -68.73 
25-Jun 0.54 -0.83 0.83 -0.29 -53.53 
27-Jun 0.60 -1.09 1.09 -0.49 -80.51 
28-Jun 0.58 -1.38 1.38 -0.80 -139.57 
29-Jun 0.47 -0.64 0.64 -0.17 -34.88 
30-Jun 0.55 -0.91 0.91 -0.36 -66.58 
10-Jul 0.63 0.14 -0.14 0.77 122.14 
12-Jul 0.65 -1.26 1.26 -0.61 -93.78 
13-Jul 0.59 -1.29 1.29 -0.70 -118.30 
18-Jul 0.57 -1.46 1.46 -0.89 -155.23 
19-Jul 0.58 -1.27 1.27 -0.69 -118.72 
20-Jul 0.57 -1.36 1.36 -0.79 -136.97 
24-Jul 0.55 -1.03 1.03 -0.48 -87.60 
12-Aug 0.57 -1.15 1.15 -0.58 -100.26 
13-Aug 0.59 -1.30 1.30 -0.71 -119.13 
15-Aug 0.56 -1.32 1.32 -0.75 -134.10 
16-Aug 0.58 -1.40 1.40 -0.82 -140.67 





Table A6. 2019 R3 periods of no irrigation and no rainfall. Error was calculated by subtracting ETWB from 
ETAPEX. A negative (-) error indicates model overestimation. 
Date ETAPEX (cm) Δ WTL ETWB (cm) Error (cm) Error (%) 
14-Jun 0.27 0.38 -0.38 0.64 241.17 
15-Jun 0.28 8.78 -8.78 9.06 3226.94 
16-Jun 0.30 -4.09 4.09 -3.80 -1286.72 
17-Jun 0.63 -1.11 1.11 -0.47 -74.90 
18-Jun 0.45 -0.82 0.82 -0.37 -81.64 
19-Jun 0.44 -0.74 0.74 -0.30 -68.20 
21-Jun 0.63 -0.91 0.91 -0.28 -44.84 
22-Jun 0.58 -1.02 1.02 -0.43 -74.09 
23-Jun 0.57 -0.82 0.82 -0.25 -43.53 
27-Jun 0.60 -0.62 0.62 -0.02 -3.45 
29-Jun 0.49 -0.49 0.49 -0.01 -1.40 
30-Jun 0.57 -0.78 0.78 -0.22 -38.22 
6-Jul 0.61 -1.19 1.19 -0.58 -95.30 
12-Jul 0.65 -6.73 6.73 -6.08 -938.10 
13-Jul 0.59 -1.61 1.61 -1.02 -171.88 
19-Jul 0.58 -0.83 0.83 -0.25 -43.28 
20-Jul 0.57 -0.87 0.87 -0.30 -52.37 
22-Jul 0.62 -0.77 0.77 -0.15 -24.48 
26-Jul 0.55 -4.03 4.03 -3.48 -635.03 
27-Jul 0.60 -1.38 1.38 -0.78 -130.25 
28-Jul 0.60 -0.81 0.81 -0.22 -36.38 
29-Jul 0.58 -0.83 0.83 -0.25 -42.69 
3-Aug 0.58 -3.71 3.71 -3.13 -538.59 
4-Aug 0.56 -0.71 0.71 -0.14 -25.70 
12-Aug 0.57 -1.25 1.25 -0.68 -119.27 
13-Aug 0.60 -1.06 1.06 -0.46 -77.00 
15-Aug 0.56 -0.84 0.84 -0.28 -49.43 
16-Aug 0.58 -0.72 0.72 -0.14 -24.55 
17-Aug 0.60 5.25 -5.25 5.85 970.84 
18-Aug 0.60 0.74 -0.74 1.34 222.42 
20-Aug 0.61 7.59 -7.59 8.20 1348.58 
21-Aug 0.62 -6.68 6.68 -6.06 -981.45 
22-Aug 0.60 -1.28 1.28 -0.68 -113.12 
24-Aug 0.50 0.23 -0.23 0.73 146.15 
28-Aug 0.43 -5.86 5.86 -5.43 -1254.75 
29-Aug 0.54 -2.22 2.22 -1.68 -312.72 
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